OBJECTIVE: Many healthcare systems employ populationbased risk scores to prospectively identify patients at high risk of poor outcomes, but it is unclear whether single pointin-time scores adequately represent future risk. We sought to identify and characterize latent subgroups of high-risk patients based on risk score trajectories. STUDY DESIGN: Observational study of 7289 patients discharged from Veterans Health Administration (VA) hospitals during a 1-week period in November 2012 and categorized in the top 5th percentile of risk for hospitalization. METHODS: Using VA administrative data, we calculated weekly risk scores using the validated Care Assessment Needs model, reflecting the predicted probability of hospitalization. We applied the non-parametric k-means algorithm to identify latent subgroups of patients based on the trajectory of patients' hospitalization probability over a 2-year period. We then compared baseline sociodemographic characteristics, comorbidities, health service use, and social instability markers between identified latent subgroups. RESULTS: The best-fitting model identified two subgroups: moderately high and persistently high risk. The moderately high subgroup included 65% of patients and was characterized by moderate subgroup-level hospitalization probability decreasing from 0.22 to 0.10 between weeks 1 and 66, then remaining constant through the study end. The persistently high subgroup, comprising the remaining 35% of patients, had a subgroup-level probability increasing from 0.38 to 0.41 between weeks 1 and 52, and declining to 0.30 at study end. Persistently high-risk patients were older, had higher prevalence of social instability and comorbidities, and used more health services. CONCLUSIONS: On average, one third of patients initially identified as high risk stayed at very high risk over a 2-year follow-up period, while risk for the other two thirds decreased to a moderately high level. This suggests that multiple approaches may be needed to address high-risk patient needs longitudinally or intermittently.
INTRODUCTION
To improve patient outcomes and reduce costs, healthcare systems have implemented care management programs, often with mixed results. 1, 2 Typically, healthcare systems use risk stratification, or the process of categorizing patients by health risk status, to identify patients at high risk of adverse health outcomes. Then, they often apply the same intervention strategy to all patients identified as high risk. Previous research has found heterogeneity in the characteristics and clinical needs of high-risk patients, 3 in relation not only to clinical characteristics and use of health services, but also to the duration of being at high risk. 4 Little is known about matching clinical services to patients' patterns of risk to optimize their outcomes. Thus, it may be possible to identify longitudinal subgroups of high-risk patients who benefit from brief (e.g., transition in care or short-term services embedded within primary care) or long-term case (e.g., services embedded within primary care or dedicated primary care clinic for high-risk patients) management interventions. 1, 5, 6 Previous research has not examined heterogeneity among high-risk patients using trajectories of risk or comorbidity score, or the potential for group-based trajectories that could inform clinical decision making. Current approaches to identifying and stratifying high-risk patients primarily rely on crosssectional measurement of healthcare costs or comorbidity risk scores. 4 Leveraging trajectories of healthcare use, clinical
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outcomes, and health markers may more accurately inform patients' clinical care needs. For example, patients at high risk of hospitalization over extended periods of time may have different care needs and outcomes than those who are at high risk for a short period. Group-based longitudinal modeling has already been applied to classify patients based on trajectories of healthcare spending, obesity, glycemic control, kidney function, disability levels, and medication adherence. [7] [8] [9] [10] [11] Our objective was to identify and describe latent subgroups of high-risk patients with a recent hospitalization and receiving primary care from the Veterans Health Administration (VA). By latent subgroup, we refer to a subset of the high-risk population that is defined by patients sharing underlying unobserved characteristics. Subgroups are referred to as latent because they would not be easily observed in data with other analysis methods. [12] [13] [14] Our approach is designed to be a data-driven analysis using established methods in machine learning rather than hypothesis testing. We describe discrete patterns of risk score trajectories based on weekly measures that VA generates to help primary care providers identify and improve care for patients at high risk for hospitalizations. Based on prior research findings demonstrating variation in patterns of utilization and cost, we expected multiple distinct group-level risk score trajectories that differed by direction and magnitude of change over time. 4, 15 
METHODS

Data Sources
The primary source of data was the VA Corporate Data Warehouse (CDW), which contains comprehensive administrative data tracking patient risk scores, health service utilization, provider panel assignments, demographics, and clinical measures including ICD-9 diagnostic codes. VA data were linked to Medicare claims data, which were used to measure utilization of outpatient care through Fee-For-Service (FFS) Medicare.
Study Population
We identified 12,930 patients who had a medical/surgical hospitalization at one of 125 VA hospitals and discharged during a 1-week period in November 2012. We excluded 2243 patients who did not have a risk score in the week following discharge, which included those that were not assigned to a VA primary care provider. We also excluded 321 patients who had a hospitalization lasting more than 30 days during the follow-up period. Finally, we excluded 3077 patients who had a risk score following the hospitalization that was not in the top 5th percentile. In total, the study population consisted of 7289 patients.
Trajectories of Patient Risk Scores
Weekly risk scores were derived from the previously validated Care Assessment Needs (CAN) model. 16 The CAN model assesses patient risk by estimating the probability of hospitalization and death, respectively, as a function of six sets of patient characteristics: demographics (including limited data elements from the Department of Defense), clinical diagnoses, vital signs, utilization, pharmacy, and laboratory values. We conducted separate analyses of predicted probabilities of hospitalization over the subsequent 90 days and 1 year. Using weekly hospitalization probabilities from the CAN model, we constructed patient-level trajectories over a 104-week (2 year) period. The predictive accuracies (c-statistic) of 90-day and 1-year hospitalization CAN scores were 0.83 and 0.87, respectively. 16 
Statistical Analysis
We used the non-parametric k-means clustering algorithm to identify latent subgroups of patients based on trajectories of hospitalization probability. 17, 18 This machine learning approach determined the following: (1) the optimal number of subgroups and (2) a mean trajectory for each subgroup, given the optimal number of subgroups. The k-means algorithm identified the best fitting model as the one which maximizes the distance between subgroup trajectories while minimizing variation in patient-level trajectories within a subgroup. The kmeans algorithm iteratively partitions patient trajectories into a minimum of two and a maximum of six clusters. The number of subgroups was determined based on the Calinski-Harabatz criterion that maximizes the ratio of the between-subgroup variance and the within-subgroup variance. Hospitalization probabilities from the CAN model were generated at the start of each week for all patients who were alive, listed on a primary care panel, and not hospitalized at the end of the prior week. Estimation of the k-means algorithm applied the copy mean assumption, which imputes missing values by filling the subgroup-level mean for a given week.
Characterizing Latent Subgroups
We compared latent subgroups in relation to patient characteristics measured in fiscal year 2012, 12 months prior to the baseline date: demographics, comorbidities, markers of social instability, health service utilization, and socioeconomic status of patients' residence area. Demographics included age, gender, marital status, race/ethnicity, eligibility for copaymentexempt VA care, distance from patients' residence to the nearest VA clinic, and residence in a rural geographical area. Comorbidities included indicator variables for the presence of conditions in the validated Gagne (2012) index. 19 Also, because of the high prevalence of mental illness in VA and the limited number of mental health comorbidities available in the Gagne index, we added several mental health condition indicators from a prior VA study. 20 Markers of social instability included number of residence ZIP codes and history of hospital discharge against medical advice (AMA), which were strongly associated with 30-day readmissions in prior research. 21 We also examined homelessness, which was defined using a previously validated algorithm of VA clinic identifier codes and ICD-9 diagnosis codes. 22 Utilization included counts of the number of VA hospitalizations, emergency department (ED) visits, office-based visits to primary care and specialty care, and palliative care encounters. Outpatient visit counts included care received from VA and FFS Medicare, and were derived using a previously developed algorithm that classified visits based on provider specialty and Current Procedure Terminology codes. 23 Socioeconomic status in patients' residence areas was captured using a composite Census tract level measure. 24 We calculated standardized mean differences (SMDs) for each variable, and considered SMDs with a magnitude of greater than 0.1 as meaningful, consistent with prior studies. 25, 26 We conducted two additional analyses to characterize latent subgroups identified by the k-means algorithm. First, we estimated a logistic regression model including characteristics described above as covariates and calculated the pseudo Rsquared to assess the proportion of variation in subgroup assignment explained by observable characteristics. Second, we compared variation in patient-level trajectories around mean subgroup-level trajectories by comparing intraclass correlations (ICCs) between latent subgroups. We calculated ICCs as the proportion of variation in hospitalization probabilities explained at the patient level.
Sensitivity Analysis
We performed several sensitivity analyses. First, because mortality occurred in 17% of the study population, subgroup-level trajectories could have been influenced by missing values related to inherent censoring of relatively sicker patients who died during the study. To examine this possibility, we estimated k-means clustering models for the subpopulation of patients that were alive at study end. Second, hospitalization probabilities from the CAN model were generated exclusively from VA data and may have underestimated risk for patients who also obtained care from other non-VA providers. 23, 27, 28 We explored potential differences among these patients by estimating clustering models among the subgroup of patients who had > 50% reliance on VA outpatient care. To measure reliance, we identified all face-to-face office visits with primary care and specialty care providers in VA and FFS Medicare over the 104-week follow-up period. We defined reliance as the proportion of all visits obtained from VA. Third, we estimated trajectory models excluding patients assigned to the VA home-based primary care program during the followup period to assess whether group-level trajectories were influenced by this intervention for patients with complex health needs. 29 Fourth, the distribution of hospitalization probabilities generated by the CAN model exhibited right skewness and subgroup-level trajectories may be influenced by outliers (Online Appendix, Fig. 1 ). To address this possibility, we identified latent subgroups using k-medians clustering, which calculated the median trajectory for patients assigned to a given subgroup. All statistical analyses were performed using RStudio version 0.99.902 (RStudio, Inc., Boston, MA) and STATA version 13.0 (STATA Corp., College Station, TX).
RESULTS
Latent Subgroups
For 90-day hospitalization probability, the best fitting model consisted of two latent subgroups (Fig. 1) . The first subgroup, characterized by moderately high risk, included 65% of patients. Subgroup-level hospitalization probability decreased from 0.224 in week 1 to 0.097 at week 66 and remained around 0.096 between weeks 67 through week 104. The second subgroup, characterized by persistently high risk, comprised the remaining 35% of patients. The subgroup-level trajectory for persistently high-risk patients exhibited a modest increase in hospitalization probability between weeks 1 and 12. Between weeks 13 and 52, the subgroup-level probability was steady around 0.38. Then, the subgroup-level probability decreased from 0.344 in week 53 to 0.296 by week 104. For both subgroups, marked probability decreases occurred after weeks 12 and 52. These stepwise declines reflect the expiration of the increase in risk score stemming from the baseline hospitalization at weeks 12 and 52 of follow-up, respectively, Fig. 1 Subgroup-level trajectories based on 90-day and 1-year hospitalization probability.
in this sample of recently hospitalized patients. Analysis of 1-year hospitalization probabilities also produced two latent subgroups exhibiting similar group-level changes over time.
Sensitivity analyses examining the respective subpopulations of patients alive at end of follow-up, mostly reliant on VA and not enrolled in home-based primary care produced similar results (Online Appendix, Figs. 2-3) . Analysis using kmedians to address skewness in the distribution of hospitalization probabilities also identified two latent subgroups exhibiting similar subgroup-level trajectories; however, a greater proportion of patients were assigned to the persistently highrisk subgroup (49%) (Online Appendix, Fig. 4 ). Table 1 presents baseline characteristics of the two latent subgroups of patients based on trajectories of 90-day hospitalization probabilities. Mean hospitalization probability at baseline was 0.22 (range = 0.10-0.69) for the moderately high-risk subgroup and 0.40 (range = 0.10-0.80) for the persistently high-risk subgroup (Fig. 2) . For demographics, persistently high-risk patients were older (66.9 vs. 65.0 years, SMD = − 0.15) and less likely to be married (34% vs. 42%, SMD = 0.15). Patients in the persistently high-risk subgroup had higher rates of nearly all comorbidities. The largest differences were for heart failure (36.4% vs. 13.9%, SMD = 0.54), fluid and electrolyte disorders (36.8% vs. 15.7%, SMD = 0.49), controlled hypertension (25.0% vs. 8.2%, SMD = 0.46), chronic obstructive pulmonary disease (47.4% vs. 26.9%, SMD = 0.43), and renal failure (31.3% vs. 14.2%, SMD = 0.42). Persistently high-risk patients also had markedly higher rates of mental comorbidities with the largest differences for alcohol abuse (29.9% vs. 18.4%, SMD = 0.27) and substance use disorder (34.0% vs. 23.3%, SMD = 0.24). Two markers of social instability [unique residence ZIP codes (1.3 vs. 1.2, SMD = 0.17) and history of discharge AMA (4.8% vs. 2.8%, SMD = 0.11)] were greater among persistently high-risk patients. Finally, rates of all types of health service utilization, including inpatient and outpatient care, were markedly higher among persistently high-risk patients. The most substantial differences were for number of hospitalizations (2.2 vs. 0.8, SMD = 0.69) and ED visits (3.9 vs. 1.8, SMD = 0.58).
Characteristics of Latent Subgroups
The pseudo R-squared from the logistic regression estimating subgroup assignment as a function of baseline patient characteristics was 0.23. ICC estimates measuring proportion of variation in trajectories explained at the patient level was 0.42 and 0.36 for the trajectories of persistently high-risk and moderately high-risk patients, respectively.
DISCUSSION
We sought to identify patterns in the longitudinal profile of risk scores among patients who were receiving care from an integrated healthcare delivery system and considered high risk. Using patient-level trajectories of risk scores over a 2-year period, we identified two latent subgroups of patients. In both subgroups, mean trajectories declined over the follow-up period, likely due in part to mean reversion. One subgroup of patients exhibited lower mean hospitalization probabilities and a more pronounced decline in risk over time, and another subgroup of patients exhibited higher mean hospitalization probabilities that remained persistently high over time. Nevertheless, patients in both subgroups, on average, remained in the top 10th percentile of risk throughout the 2-year follow-up period. However, there was substantial heterogeneity in patient-level trajectories within both latent subgroups.
We identified marked differences in characteristics at baseline between latent subgroups. Although the mean hospitalization probability at baseline was higher for the persistently highrisk subgroup, the range of initial hospitalization probabilities exhibited substantial overlap, indicating subgroup assignment was not completely determined by initial probability for hospitalization alone. The largest differences in patient characteristics between subgroups were in measures of utilization in the prior year, particularly for hospitalizations and ED visits. We identified marked differences in rates of heart failure and chronic obstructive pulmonary disease, which are two of the leading causes of hospitalization in VA. 30, 31 Notably, we found persistently high-risk patients had a greater prevalence of markers of social instability including history of discharge AMA and number of residence ZIP codes. Although several differences between subgroups were identified, we found observable baseline characteristics explained 23% of the variation in subgroup assignment. This corresponds with prior studies estimating 20-30% of variation in health service use and mortality explained by similar patient characteristics. 32, 33 To our knowledge, this is the first study using latent class modeling to examine heterogeneity in the subpopulation of high-risk patients by identifying patterns in the longitudinal profile of risk scores. Latent class models are increasingly being applied to characterize heterogeneous groups of patients by costs and utilization to better inform more efficient delivery of clinical care. 4, 10 Others are already exploring the use of latent models to describe various clusters by disease groupings. It may be challenging, however, for primary care to use these groupings 34 because many high-risk patients have multiple chronic medical conditions; creating disease management programs for each disease group may result in greater care fragmentation. 35 Our study differs from prior work by examining trajectories of a composite measure of risk, and focusing on the subpopulation of patients at highest risk, excluding variation introduced by lower risk individuals. A future direction is the examination of risk score trajectory patterns among disease-specific populations, which may augment findings in this study.
Findings from this study contribute to efforts by healthcare systems to develop population-level tools to identify and manage high-risk patients, as espoused by the National Committee for Quality Assurance 36-38 for patient-centered medical home model certification. We adopted a population-level approach in the identification of latent subgroups to help inform clinic-and system-level planning. This may help stakeholders and practitioners who are responsible for the management of populations by identifying patients' expected risk score trajectory, which may be used to inform assignment to specialized programs for managing high-risk patients. For example, study findings can help practitioners determine assignment level within the context of the stepped care model that adjusts the level of care to patients' needs. 39 The ability to categorize patients' trajectories of risk has potential implications for further research examining the effectiveness of intensive management interventions for patients at high risk of adverse outcomes, where most randomized trials have not shown significant benefits. For example, VA investigators conducted two randomized evaluations of an intensive, multidisciplinary, team-based approach for veterans with high hospitalization probability, as predicted by the CAN model, and showed no reduction in use of acute care or total healthcare 40, 41 Future research should ascertain whether these programs exhibit variable effects on patients with different expected risk trajectories, characterized using baseline characteristics identified in this study.
This study has several limitations. First, we examined the population of VA enrollees using a measure of patient risk currently used by VA to inform clinical decision making. The VA population differs from populations served by other health systems in characteristics such as gender and race/ethnicity. Further, risk scores from the CAN model were computed using VA and veteran-specific variables including branch of service and level of service-connected disability. Thus, the number of latent subgroups of high-risk patients and characteristics associated with subgroup assignment may differ in other non-VA settings or for different measures of risk. Nevertheless, in prior population-level studies, a high degree of comparability was identified between VA enrollees and Medicare beneficiaries 42 and with patients in other super-utilizer programs. [43] [44] [45] Second, hospitalization probabilities from the CAN model were estimated using data capturing utilization of VA healthcare, so risk may be underestimated for patients who also used health services from non-VA providers. However, results from subgroup analysis among patients who were mostly reliant upon VA outpatient care were similar to the primary results. Finally, the k-means clustering approach does not account for potential informative missingness arising from death during follow-up in the determination of subgroup-level trajectories. However, the analysis of patients who survived through study end validated our primary results, mitigating these concerns.
CONCLUSION
In this study, we applied a machine learning approach to identify two latent subgroups of high-risk patients based on longitudinal trajectories of risk scores over a 2-year period.
Subgroup-level trajectories for both subgroups declined somewhat over time; however, risk for one subgroup remained persistently high, while the other subgroup stabilized more quickly and at a lower level. Study findings help address current limitations in understanding of patterns of high risk over time and offer suggestions of how this knowledge can be adopted in clinical practice. Future research should examine whether the effects of clinical interventions targeting high-risk patients differ across specific subgroups of patients defined by risk score trajectories, such as those identified in this study. 
